Abstract: Continuous annealing process line (CAPL) has complex process characteristics, such as strong correlation of large number of process variables, and the coexistence of multi-subsystems and multioperation zones. Practitioners are concerned with process faults, such as strip-break fault and roll slippage fault, whose effects often confine in a specific zone. Considering the process characteristics and fault characteristics, a fault diagnosis method is proposed. Reconstruction-based variable contribution (RBVC) is extended to reconstruction-based block contribution (RBBC) for principal component analysis (PCA) method in order to find the faulty block, and RBVC is used to determine the faulty variable. Simulation results show the effectiveness of the proposed methods, and it is applied successfully to a practical CAPL.
INTRODUCTION
Continuous annealing process line (CAPL) is a key unit for producing high-quality cold-rolling strip products. As this process contains furnace zones, the stable running is essential for the products quality and continuous production of the upstream and downstream. Process monitoring and diagnosis have always been the primary concerns. Among the typical process faults, practitioners are concerned with the strip-break fault and roll-slippage fault etc. However, with the complexity in the multiplicity of highly correlated variables, nonlinearities, difficulties in modeling the faults, dynamics, strong subsystem-level interactions, etc., an increasing interest in using multivariate statistical methods is driven by the difficulty to apply the model-based methods.
For the line's high-speed and stable running, it is desired to maintain the tensions stable and loads balanced for each roll. To achieve this, a couple of tension meters are installed to carry out the closed-loop tension control by the regulation of angle for dancer roll, and the regulation of currents as well as speeds for carrying rolls (Ebler et al. [1993] ; Liu et al. [2009] ). But the tensions may still exceed the control limits along the machine direction when there are large disturbances caused by defective material and when the roll slips due to reduced roll roughness or low tension set-points.
Nevertheless it will be difficult to diagnose the fault directly using the tensions, as only a limited number of tensions can be measured. Moreover, the tensions cannot be obtained using the first principle models due to the effects of strip inertia, temperature and gas flow, etc. They can merely be estimated roughly (Mathur and Messner [1998] ; Bai et al. [2007] ; Ruiz and Sbarbaro [1997] ; Ku [2003] ). The estimated tension is also used for tension control (Song and Sul [1998] ). But due to the rough estimation and the difficulty on defining the typical faults exactly in the above models, it is a hard work to apply the model-based methods.
Despite all this, abnormal tension is highly correlated with the unexpected variations of the roll's speeds and currents, it is appropriate to monitor the process based on the variation of the correlation between the speeds and currents. The variation can be detected by applying multivariate statistical method, e.g. PCA, and partial least square (PLS) algorithms. For these methods, however, a priori knowledge about sampling points and functions partition for process industries (such as polyester film process, semiconductor process ) and continuous annealing process) is not considered.
To reduce the complexity of process analysis, several multiblock approaches have been proposed ; Cherry and Qin [2006] ; Sabatier and Vivien [2008] ). For example, multi-block PCA and multi-block PLS monitoring methods are proposed by Qin et al. [2001] and Choi et al. [2005] . Multi-block kernel PLS method is also proposed to monitor the large scale process with nonlinearities (Zhang et al. [2010] ). For the traditional methods, however, block subspace may not be orthogonal or there is fault smearing problem, which will be adverse to the diagnosis performance.
To solve the above issues, a novel block diagnosis method is proposed. First, univariate reconstruction-based contribution (Alcala and Qin [2009] ) is extended to multivariate reconstruction-based contribution for PCA. The proposed approach is applied to a CAPL to reduce the complexity of process diagnosis by decomposing the whole processes into several sub-processes.
PROCESS DESCRIPTION AND FAULT DESCRIPTION

Process Description
In the CAPL (see Fig. 1 ), cold-rolling strip is sent to the entry looper (ELP) after unwound and jointed together by the welding machine. The strip is then transmitted to the furnace zone, where the strip is heated up and cooled down by the temperature control when it goes through each section in desired speed. Then the strip is sent to the delivery looper (DLP) to restore. After these stages the strip is sent to the temper mill (TMP) to leave up, and then is wound by the tension reel (TR) to get the final product or the coil used for the downstream. For the line's stable running, the tensions along the whole line should be within the normal limits. With a number of units, and other complex characteristics, the whole line is difficult to model. And because the measured process variables (i.e. I v, ) are highly correlated and related to the tensions due to closed-loop control of the tension and temperature, and the coupling of rolls and strips, unexpected variations of the correlations are used for process monitoring and fault diagnosis. The line can be decomposed into several zones and control loops. Take furnace zone as an example, it can be divided into nine zones (HF-2C) with the tensions in each section controlled by separate loop. It is reasonable to decompose I
. The partition knowledge can be used in multi-block methods for easy process comprehension.
In summary, the multivariate statistical method can be applied for the process monitoring and fault diagnosis based on the large scale and highly correlated process characteristics, and it will be helpful to comprehend the process by applying multiblock PCA methods based on the partition knowledge.
Fault Description
Normally, the line can be stable with ordinary disturbances. However, abnormal conditions caused by the defective materials or the roll's slippage can make the tension fluctuate fiercely, eventually tear the strip. The typical process faults mentioned above are usually not easy to be defined in the principle models (Mathur and Messner [1998] ; Bai et al. [2007] ), because when the fault occurs:
there are disturbances caused by the impact of the strip to rolls; model parameter will vary caused by the decrease of elastic coefficient when the strip tears; model structure will change caused by unexpected roll slippage or strip deviation. The following three aspects about the faults can be used to diagnose the faults further: large scale process characteristic makes it difficult to locate the fault; effects of the faults often confine to a zone, mainly on the block variables, i.e.
there are obvious abnormal variations transferring along the machine direction for the strip-breaks fault caused by processing the defective materials.
Considering the above process characteristics and fault characteristics, the corresponding diagnosis strategy will be discussed in detail in the next section.
FAULTY BLOCK DIAGNOSIS USING RBBC
Conventional multi-block PCA is first summarized in Section 3.1. To improve the performance, reconstruction-based block contribution is proposed and block diagnosis scheme is designed in Section 3.2. In Section 3.3, the simulation results demonstrate the effectiveness of the proposed method.
Conventional Multi-Block PCA
The data collected
where n is the number of samples, m is the number of variables, B is the number of blocks, and X is divided into B blocks based on the prior knowledge. The number of using the block-normalized method 
, traditional block contribution can be divided into two types: the first one (type 1) is defined by Qin et al. [2001] for SPE statistic; the second one (type 2) is proposed by Qin et al. [2001] and Cherry et al. [2006] for T 2 and combined statistics, with block contribution
where b M is defined as (4), and the corresponding control limits are derived using the results of Box [1954] . 
Reconstruction-based Block Contribution
Reconstruction based variable contribution is proposed by Alcala and Qin [2009] . From the theoretical analysis and Monte Carlo simulation results, it shows better performance. In this section, reconstruction based variable contribution is extended to reconstruction-based block contribution, and it is used to determine the faulty zone.
When a multi-dimensional fault happens in sub-space b Ξ , the faulty measurement can be represented as 
represents the magnitude of the fault along each sub-direction. 
The reconstructed vector along subspace b Ξ can be defined as b z in (7), with its statistic denoted as
The task of reconstruction is to find b f such that
Index z is minimized, shown in (9). The optimal one b fˆcan be computed by the least square method, as shown in (10). Then RBBC can be computed by (11).
where
is the left singular vectors of
Based on the above definitions, fault detection and abnormal block diagnosis can be accomplished as follows: i) Fault detection is carried out first to determine the abnormal time, based on the combined indices computed by Mx x T (for Φ M = ). To decrease the false alarms, Izadi's results (Izadi et al. [2009] ) deduced from the Markov theory are applied. Three successive abnormal samples are used to determine the faulty time a k k = when (13)- (14) are both satisfied. ii) For an abnormal sample, abnormal block b is diagnosed to be with the largest magnitudes of RBBCs computed from (11).
Simulation Study
The purpose of this example is to compare the performance for several block contribution approaches by Monte-Carlo simulation. In addition, the noise in process model and the fault magnitudes in fault model will likely affect the diagnosis results. Therefore, they are both designed to be with modest magnitudes.
The process model is represented as )
is random variables with zero-mean and 1, 0.8, 0.6 standard deviations, respectively. The noise included is normally distributed with zero-mean and 0.2 standard deviation. In order to build the model, 1000 samples are generated. The variables are partitioned into 3 blocks as (16).
[ ] (17) where x is generated by (15), fault magnitude b f is a vector, whose element is a random number under uniformly distribution between 0 and 5, and direction b Ξ is uniformly random out of the three possible block subspace directions.
The number of simulated faults is 2000, and the simulation results are summarized as follows.
Comparing the proposed RBBC method with the conventional methods, the rates of successful abnormal block diagnosis are given in Fig. 2 in three categories: fault detected by SPE (shown in Fig. 2-A) , 2 T (shown in Fig. 2-B ) and ϕ ( shown in Fig. 2-C) , respectively. For each figure, the first three, second three and third three bars show the rates of correct diagnosis given by traditional block contribution and RBBC for SPE, 2 T and ϕ , respectively. As shown in Fig. 2 , the rate of correct diagnosis by RBBC is larger than that of the traditional methods. Also, the largest rates are given when contribution approaches that involve the combined index are used. 
SPE
FAULT DIAGNOSIS CASE OF CAPL
Fault Diagnosis Strategy And Algorithm
The fault diagnosis strategy for CAPL is composed of four parts: data collection and pre-processing; abnormal condition diagnosis; strip-breaks diagnosis; and broken position diagnosis. The algorithms are described as follows. Secondly, the collected data is filtered by moving average filtering to exclude the periodic part induced by the eccentrics of the rolls, whose period is determined by the rotation frequency of each roll. The periodic component may induce error into the model and will certainly do harm to the fault detection and fault diagnosis.
a) Data collection and pre-processing
Thirdly, process monitoring data ) ( 1 * k x are selected as the current and acceleration of each roll. 
b) Abnormal block diagnosis
Applications
The proposed method is applied to a real CAPL. The diagnosis strategy is accomplished as follows. 2000 = n number of samples are collected to obtain P and 3 . 14 2 = ς . For the combined index, the process monitoring results are shown in Fig. 3 . It can be seen that when 2389 When a fault is detected, the block diagnosis is accomplished for sample a kˆ=2391. The block diagnosis results are shown in Fig. 4 . The red bars represent the diagnosed faulty block, and the yellow bars represent the block with large contribution which may lead to misleading diagnosis for conventional multi-block method. Therefore, the abnormal block is diagnosed to be b =2, and the proposed RBBC show better diagnosis performance than the conventional one.
For the abnormal block 2 = b , the block statistics plot for the combined indices can be seen in Fig. 5 . From this figure, the strip-break fault is diagnosed, and broken time is 2536
The strip-break position diagnosis can be then used to help find where to clear the broken debris. The diagnosis results are shown in Fig. 6 , from which it can be seen that the faulty variable is 31 , 2
x . Eventually, the broken position is located at soaking furnace No.16 roll (SF 16R). In this paper, reconstruction-based block contribution method is proposed for the monitoring and diagnosis of large scale processes. Simulation results demonstrate good performance of RBBC, and the proposed method is applied to faulty zone diagnosis for a continuous annealing process, and the faulty roll is also determined successfully.
